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 This paper introduces digital image processing (DIP) to geotechnical field, aiming to disclose 

the microscopic damage law of rocks under cyclic water invasion. Firstly, the altered granite 

specimens under cyclic water invasion were subjected to computed tomography (CT) 

scanning, producing cross-sectional images. These images then underwent noise removal and 

threshold segmentation. The pores and cores, rock foundation, and high-density nodules were 

identified accurately in the processed images, reflecting the microstructure of the original rock 

mass. Based on the processed images, the 3D rock cores were reconstructed, and a 

200×200×200 representative elementary volume (REV) was extracted from each rock core. 

The analysis results show that, with the growing number of water invasion cycles, the surface 

porosity and non-closed surface porosity continued to increase, while the closed surface 

porosity first increased and then declined. This research lays a theoretical basis for applying 

the DIP in geotechnical field. 
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1. INTRODUCTION 

 

Digital image processing (DIP) is the use of computer 

algorithms to enhance, segment, restore, encode and compress 

images. This emerging technology has been widely applied in 

such field as biomedicine, communication and industrial 

engineering, yielding marked results in these engineering 

fields [1-4]. For example, many DIP methods have been 

adopted to study material properties [5, 6], ranging from 

scanning electron microscope (SEM) to computed 

tomography (CT). 

DIP has become a research hotspot since its birth. On basic 

image processing, Gupta et al. [7] compared discrete wavelets 

(e.g. the Haar wavelet and the Daubechies wavelet) in the 

compression of static images, and evaluated the image 

transform effects by mean squared error (MSE) and energy 

retention (ER), revealing that the Daubechies wavelet 

outperforms the other discrete wavelets in ER.  

Many scholars have relied on the DIP to detect defects of 

materials. For example, Chrysafi et al. [8] used active infrared 

thermography (IRT) to detect the defects of carbon fiber 

reinforced plastics (CFRPs), conducted mathematical 

processing and wavelet transform of the 2D thermograms, and 

found that 1D Fourier transform and 1D wavelet transform are 

the best methods to capture cracking effect. Rodríguez-Martín 

et al. [9] detected cracks in steel welding with a thermographer, 

proposed a depth prediction method for welding-induced 

surface cracks, and analyzed the correlation between infrared 

data and crack propagation data based on 3D 

megaphotographs. Sfarra et al. [10] inspected impacted 

laminates by different nondestructive testing (NDT) methods, 

such as infrared thermography (IRT), near-infrared 

reflectography (NIRR) and near-infrared transmittography 

(NIRT), accelerated the aging of impacted laminates in an 

environmental chamber, and inspected them again by the IRT 

and digital speckle photography (DSP), revealing the 

structural changes on these laminates after accelerated aging. 

In addition, DIP methods are essential to detecting and 

identifying microscopic damage in geotechnical engineering. 

The DIP can acquire images on the microstructure changes of 

rocks in a nondestructive manner, providing comprehensive 

microscopic information (e.g. composition, pore development, 

and pore structure) of the rocks from multiple angles. Through 

3D digital image correlation (DIC), Munoz et al. [11] 

conducted quasi-static monotonic uniaxial compression tests 

on Hawkesbury sandstone specimens, used digital cameras to 

capture specimen deformation, and thus determine the strain 

field and strain localization pattern. Chen et al. [12, 13] 

generated high-resolution SEM images of altered granite 

specimens, examined the internal structure and composition of 

the specimens, and discussed the microscopic damage law of 

altered granite. 

However, the application of DIP in geotechnical 

engineering is far from mature. The exiting studies are often 

based on 2D images or low-resolution 3D images of rock 

specimens. There is not yet a realistic illustration of the 

microscopic damages of rocks. To disclose the exact 

microscopic damage law of rocks, this paper obtained high-

resolution cross-sectional images of altered granite under 

cyclic water invasion, using a high-precision CT scanner. The 

images were subjected to noise removal and threshold 

segmentation, and then adopted for 3D image reconstruction. 

After extracting the representative elementary volume (REV), 

the author investigated the development of microscopic pores 
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and cracks of the rock, and identified the 3D damage law of 

the microstructure of the rock. With the aid of CT scanning, 

our research reveals how cyclic water invasion damages the 

microstructure of rocks. The research findings pave the way 

for further research on megascopic mechanical properties, and 

lay the theoretical basis for microscopic study of geotechnical 

engineering. 

 

 

2. CYCLIC WATER INVASION TESTS AND CT 

SCANNING 

 

2.1 Cyclic water invasion tests 

 

Under long-term cyclic water invasion, altered granite will 

witness changes in its mechanical properties, porosity, etc. 

This paper attempts to simulate the cyclic water invasion of 

altered granite in lab, and reveal the microstructure changes of 

the rock under different water invasion cycles.  

 

 
 

Figure 1. Preparation of rock specimens 

 

 
 

Figure 2. Cyclic water invasion tests (N: the number of water 

invasion cycles) 

For this purpose, 12 standard rock specimens 

(100mm×φ50mm) were prepared, and divided into 6 groups. 

Before water invasion tests, all rock specimens were saturated 

with water in the vacuum. The first five groups were subjected 

to water invasion for 0, 5, 15, 20 and 30 cycles, and numbered 

as Y0, Y5, Y15, Y20 and Y30, respectively. The remaining 

group was taken as the control group.  

Each cycle of water invasion was implemented in two steps: 

the rock specimens after vacuum saturation were soaked for 

24h in an immersion chamber at room temperature, and the 

soaked specimens were relocated to a drying oven to be dried 

for 24h at 105 °C. 

After completing water invasion tests, the rock specimens 

were subjected to CT scanning to obtain their cross-sectional 

images. The procedure of specimen preparation and water 

invasion tests is explained in Figures 1 and 2 above. 

 

2.2 CT scanning 

 

After each cyclic water invasion test, the rock specimens 

were placed into a multiscale CT core scanner (Figure 3) for 

CT scanning. Before the scanning, the parameters of the 

scanner were fully calibrated. 

 

 
 

Figure 3. Photos of CT scanning 

 

The parameter setting of the multiscale CT core scanner 

directly bears on the results of CT scanning. Unreasonable 

parameters will slow down the scanning, waste resources and 

affect the quality of scan images, making it difficult to identify 

the microstructure inside the rock. Therefore, pre-scanning 

was performed with the scanner on the rock specimens to 

determine reasonable CT scan parameters, which can restore 

the micro-features of the specimens accurately and ensure the 

efficiency of the tests. Here, the scan spacing is set to 71.42μm 

and the image resolution is set to 79.71μm (pixel size). The CT 

scan images on the top, middle and bottom cross-sections of 

each specimen group are presented in Figures 4-8. For the lack 

of space, this paper only displays the cross-sectional images of 

only one specimen from each group. 

 

 
 

Figure 4. CT scan images of specimen Y0 
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Figure 5. CT scan images of specimen Y5 

 

 
 

Figure 6. CT scan images of specimen Y15 

 

 
 

Figure 7. CT scan images of specimen Y20 

 

 
 

Figure 8. CT scan images of specimen Y30 

 

 

3. DIGITAL IMAGE PROCESSING 

 

3.1 Noise removal 

 

Before 3D reconstruction of rock cores, the cross-sectional 

images of each specimen underwent a series of DIP processes 

to make them more realistic. These processes mainly include 

the filtering, binarization and threshold segmentation of 

grayscale images. 

The filtering is necessary because the CT scan images often 

contain many noises, such as salt-and-pepper noise and other 

physical noises. The purpose of filtering is to reduce the noises 

produced by instruments and the surrounding environment, 

and improve the imaging quality, laying a good basis for 

subsequent image segmentation. 

The common filtering techniques include smoothing, 

contrast enhancement and edge detection [14]. Considering 

the situation of our tests and cross-sectional images, three 

methods are suitable for filtering the cross-sectional images of 

our specimens: digital image filters, e.g. Gaussian filter, 

median filter and mean filter [15]. 

(1) Gaussian filter is a linear smoothing filter. The basic 

principle is to replace the gray value of each pixel in the 2D 

image with the weighted mean of the gray values of that pixel 

and its neighborhood, thus eliminating normally distributed 

noises. 

(2) Median filter is a nonlinear smoothing technique that 

denoises images. Median filtering basically substitutes the 

gray value of each pixel in the 2D image with the median of 

gray values of nearby pixels, and removes isolated noisy 

points by approximating the actual value with nearby values. 

(3) Mean filter is the simplest linear smoothing tool. In the 

course of mean filtering, a box is firstly set up around the target 

pixel to cover eight nearby pixels, and then the mean pixel 

value of the eight nearby pixels is used to replace the original 

value of the target pixel. 

The filtered images of the three filters are compared in 

Figure 9. In this paper, the smoothing and contrast 

enhancement are adopted to filter the cross-sectional images 

of each specimen. 

 

 
 

Figure 9. Filtered images 

 

3.2 Threshold segmentation 

 

Pores and cracks are the main influencing factors of the 

megascopic mechanical properties, conductivity and 

permeability of rock [16, 17]. Hence, it is very meaningful to 

identify the pores and cracks in the cross-sectional images, 

before exploring the microscopic damage law of altered 

granite. Rocks often contain various minerals and multiphase 

materials. In our research, the target rock, altered granite, is 

mainly made up of quartz, mica, feldspar, and high-density 

nodules. Geotechnically speaking, the mechanical strength of 

rocks is directly affected by structural bodies and planes, that 

is, the rock foundation and pores and cracks.  

Considering the heavy presence of high-density mineral 

nodules in altered granite, the rock specimens were treated as 

the combination of rock foundation, pores and cracks and 

high-density nodules. The grayscale cross-sectional images 

were binarized based on pores and cracks (Figure 10), and 

high-density nodules. To binarize a grayscale image, a 

reasonable threshold should be determined to segment the 

image into multiple parts and to identify the different 

components in the image. The threshold is usually selected 

based on the grayscale image: the peak values in the image 

often appear in the optimal range of threshold segmentation.  

In this paper, the pores and cores, and high-density nodules 

are segmented from the grayscale images by the watershed 

algorithm [18, 19] (Figure 11). In this algorithm, the gray 

value is considered as altitude, and each local minimum and 

its affected area are treated as a drainage basin. Different 

drainage basins are divided by watersheds. Each watershed 

represents the maximum gray values of the input image. To 

obtain edge information, gradient image is usually used as the 

input image: 

 

    

( , ) ( ( , ))

( , ) ( 1, ) 2 ( , ) ( , 1) 2 0.5

g x y grad f x y

f x y f x y f x y f x y

=

= − − − −
        (1) 
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where, 𝑓(𝑥, 𝑦) is the original image; 𝑔𝑟𝑎𝑑{ } is the gradient 

operation. 

 

 
 

Figure 10. Binarization of grayscale images 

 

 
 

Figure 11. Results of threshold segmentation (Green: Rock 

foundation; Blue: Pores and cores; Red: High-density 

nodules) 

 

3.3 3D reconstruction of rock cores 

 

After noise removal and threshold segmentation, the cross-

sectional images of each specimen were superimposed to 

reconstruct the 3D rock core. The 3D reconstruction was 

achieved with the aid of the other modules in the DIP software. 

The reconstruction is essentially a 3D rendering of the cross-

sectional images, which visually reproduces the rock core [20]. 

The reconstructed model helps to disclose the microscopic 

features of the rock under cyclic water invasion (Figure 12). 

 

 
 

Figure 12. The reconstructed 3D model of specimen Y30 

 

 

4. SELECTION OF REPRESENTATIVE 

ELEMENTARY VOLUMES AND DAMAGE 

ANALYSIS 

 

4.1 The concept of the REV   

 

The REV of the reconstructed 3D model is critical to the 

understanding of the heterogeneous pore structure of the 

reservoir. The REV theory was proposed by Bear in 1972 

based on the continuum hypothesis [21]. This theory exposes 

the limitations on the traditional practice of applying the 

continuum methods for porous media like rock mass.  

Studies have shown that, the parameters of an object (e.g. 

modulus of deformation, permeability coefficient, 

coordination number and porosity) will fluctuate by different 

degrees, with the continued expansion of the regions of 

interest (ROIs) [22]. This trend fully reflects the anisotropy 

and non-uniformity of the rock mass (Area I, Figure 13). 

However, the parameters will no longer fluctuate, once the 

ROIs increased to a critical value (Area II, Figure 13). The 

volume in Area II can be called the REV. If the object is 

anisotropic, the parameters will fluctuate again with further 

expansion of the ROIs (Area III, Figure 13). The critical value 

between Areas I and II is the minimum REV (REVmin). 

 

 
 

Figure 13. The definition of the REV 

 

By its definition, the REV must be large enough to contain 

sufficient information about the global properties and small 

enough to remain in the microscale [23]. In essence, the REV 

is a measure of spatial uniformity, and reflects the unity of 

opposites like microscale and mega-scale, discreteness and 

continuum, as well as stochasticity and certainty. A properly 

selected REV helps to learn the spatial variation of object 

features. In general, the test results are meaningful only if the 

REV is on the same scale with the specimen size.  

In our research, lots of computing power will be wasted to 

reconstruct and render the entire specimen based on the cross-

sectional images. The selection of REV size not only reflects 

the microstructure of the rock, but also saves the computing 

power, facilitating the finite-element analysis of the rock cores. 

 

4.2 Selection of REV size 

 

In the light of our tests and research contents, the REV size 

was selected in three steps based on porosity, a key physical 

parameter of the altered granite under cyclic water invasion. 

Step 1. Select a relatively small voxel at the center of each 

cross-sectional image (size: 750×750). 

Step 2. Cut out a cube centering on the voxel, such as to 

contain the reconstructed rock core, and compute the porosity 

of that cube. 

Step 3. Expand the cube centering on the voxel by changing 

the voxel size to 100, 150, 200, 250, 300, 350 and 400, in turn. 

Compute the porosity of each cube and draw the porosity-cube 

size curve. As shown in Figure 14, the curve became flat when 

the porosity was stabilized. The minimum cube was taken as 

the REV size for each specimen. 

348



 
 

Figure 14. Selection of REV size 

 

 
 

Figure 15. Relationship between porosity and voxel size 

 

As shown in Figure 15, with the growth in voxel size, the 

porosities of all specimens exhibited a gradual increase. When 

the voxel size was 200, the porosity of each specimen 

gradually stabilized and tended to fixed value. Hence, the REV 

size for specimens under different cycles of water invasion 

was determined as 200×200×200. 

 

4.3 REV-based analysis of microscopic damage features 

 

The REV was extracted from the interior of each standard 

specimen to replace the specimen in further analysis (Figure 

16). The replacement eliminates the accidental damages on 

specimen appearance in the tests, and greatly bolsters the 

efficiency of computing and analysis, saving a huge amount of 

computing resources. 

Under cyclic water invasion, the rock damages are mainly 

manifested by the variation in pores and cracks. As a result, 

the REV cross-section was studied to determine the number, 

area, shape and distribution of pores and cracks, and to analyze 

the micro-damages induced by cyclic water invasion. 

The pores and cracks of the rock are highly irregular. The 

REV of the same specimen may contain multiple heterogenous 

cross-sections. To solve the problem, a coordinate system was 

set up based on standard specimen (Figure 16), and the XOY 

cross-section of the REV was taken as the research object. 

Figures 17~21 provide the REV cross-sections at different 

number of water invasion cycles. 

The comparison between Figures 17~21 shows that the 

specimen under zero water invasion enjoyed a dense structure, 

with almost no pore but a slight initial damage. With the 

growing number of water invasion cycles, more and more 

pores appeared, and the development and propagation of 

certain pores and cracks intensified the damages. At the 30th 

cycle of water invasion, the internal cracks connected with 

each other, penetrating through the REV cross-section, and the 

cyclic water invasion caused marked damages to the specimen.  

Judging by their morphology and distribution on the REV 

cross-section, the pores and cracks were either closed or not 

closed. The closed ones are mostly pores. Some of them are 

original pores in the rock, and some were induced by cyclic 

water invasion. The non-closed ones are mostly cracks. The 

cracks were entirely caused by cyclic water invasion. The two 

types of pores and cracks have similar yet slightly different 

causes. Both demonstrate the rock damages under cyclic water 

invasion. In the images of REV cross-sections, the damages 

are exhibited as the growing proportion of the area of pores 

and cracks. Hence, the surface porosity was defined to 

describe the damages.  

 

 
 

Figure 16. Specimen coordinate system 

349



 
 

Figure 17. REV sections of specimen Y0 

 

 
 

Figure 18. REV sections of specimen Y5 

 

 
 

Figure 19. REV sections of specimen Y15 

 

 
 

Figure 20. REV sections of specimen Y20 

 

 
 

Figure 21. REV sections of specimen Y30 
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Let 𝐴, 𝐴𝑟  and 𝐴𝑝  be the total area, rock foundation area, 

and pores and cracks area of a REV cross-section, respectively, 

where 𝐴𝑝 is the sum of the area of closed pores and cracks 𝐴𝑝1
 

and that of non-closed pores and cracks. Based on the 

definition of porosity, the 2D surface porosity r of rocks can 

be defined as: 

 

100%
pA

r
A

= 
                                  (2) 

 

Thus, the closed surface porosity and non-closed surface 

porosity can be obtained by 𝑟1 =
𝐴𝑝1

𝐴
× 100% and 𝑟2 =

𝐴𝑝2

𝐴
×

100%, respectively. 

The closure of cores and pores may vary with the size of 

REV cross-section or change due to REV extraction. To solve 

the problem, the surface porosity, closed surface porosity and 

non-closed surface porosity were computed multiple times, 

and the mean values were taken as the final results. The REV 

(voxel) size of all rock cores was set to 200×200×200, and 100 

cross-sections were extracted from top to bottom by a certain 

interval. Each cross-section is 2.36cm2 in size. The three 

surface porosities were computed for each cross-section. The 

mean results of each cross-section are displayed in Table 1 

below. 

 

Table 1. Results on surface porosities 

 
Number of 

water 

invasion 

cycles 

Closed 

surface 

porosity (%) 

Non-closed 

surface 

porosity (%) 

Surface 

porosity 

(%) 

0 0.010 <0.001 0.010 

5 0.237 0.005 0.242 

15 0.613 0.137 0.755 

20 0.536 0.356 0.892 

30 0.315 0.663 0.978 

 

 
 

Figure 22. Relationship curves between number of water 

invasion cycles and surface porosities 

 

As shown in Figure 22, the surface porosities of each REV 

increased with the number of water invasion cycles. On the 

state of pores and cracks, as the number of water invasion 

cycles increased from 0, 5 to 15, the closed surface porosity 

and non-closed surface porosity were both on the rise; as the 

number of water invasion cycles increased from 20 to 30, the 

closed surface porosity decreased, while the non-closed 

surface porosity continued to grow. The main reason is that the 

rock damages induced by cyclic water invasion constantly 

increases, causing the internal pores to expand, connect and 

evolve into non-closed pores. Through the above analysis, the 

author had a preliminary understanding of the initiation, 

development and propagation of pores and cracks in the rock 

under cyclic water invasion, and quantified the microscopic 

damages caused by the cyclic water invasion. 

 

 

5. CONCLUSIONS 

 

This paper simulates the cyclic water invasion of altered 

granite in the lab, conducted CT scanning of the rock 

specimens with different number of water invasion cycles, and 

obtained the cross-sectional images of each specimen. Next, 

the microscopic features of the cross-sectional images were 

quantified and qualified through DIP. Finally, the 3D rock 

cores were reconstructed based on the cross-sectional images, 

and used to disclose the microscopic damage law of the rock 

cores. The main research results are as follows: 

(1) The cross-sectional images were subjected to noise 

removal and threshold segmentation. On the one hand, the 

images were filtered by smoothing and contrast enhancement. 

On the other hand, a suitable threshold was determined based 

on binarized images, and used to distinguish between the rock 

foundation, pores and cracks, and high-density nodules. 

(2) The processed cross-sectional images were adopted to 

reconstruct the 3D rock cores. The reconstructed cores are 

close to the original rock. In addition, the REV of the cores 

was set to 200×200×200 with porosity as the judgment 

criterion. 

(3) The microscopic damages of rock specimens were 

quantified according to the surface porosity, closed surface 

porosity and non-closed surface porosity of the REV. The 

results show that, with the growing number of water invasion 

cycles, the surface porosity and non-closed surface porosity 

continued to increase, while the closed surface porosity first 

increased and then declined. 
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